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Pay for Performance in Medicaid:
Evidence from Three Natural Experiments
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Objective. To examine the impact of pay for performance in Medicaid on the quality
and utilization of care.

Data Sources. Medicaid claims and encounter data in three intervention states (Penn-
sylvania, Minnesota, and Alabama) and three comparison states.

Study Design. Difference-in-difference analysis with propensity score-matched com-
parison group. Primary outcomes of interest were Healthcare Effectiveness Data and
Information Set (HEDIS)-like process measures of quality, utilization by service cate-
gory, and ambulatory care-sensitive admissions and emergency department visits.
Principal Findings. In Pennsylvania, there was a statistically significant reduction of
88 ambulatory visits per 1,000 enrollee months compared with Florida. In Minnesota,
there was a significant decrease of 7.2 hospital admissions per thousand enrollee
months compared with Wisconsin. In Alabama, where incentives were not paid out
until the end of a 2-year waiver period, there was a decline of 1.6 hospital admissions
per thousand member months, and an increase of 59 ambulatory visits per 1,000 enrol-
lees compared with Georgia. No significant quality improvements in intervention rela-
tive to control states.

Conclusions. Our findings are mixed, with no measurable quality improvements
across the three states, but reductions in hospital admissions in two programs. As states
move to value-based payment for patient-centered medical homes and Accountable
Care Organizations, lessons learned from these pioneering states should inform pro-
gram design.

Key Words. Pay for performance, Medicaid, value-based purchasing in provider
relationships, shared savings

Pay-for-performance (P4P) programs for health care providers are now widely
implemented in the hope of improving the quality of care and, increasingly, to
control costs. The Affordable Care Act of 2010 is accelerating use of pay for
performance in the Medicare payment system. Since October 2012, Medicare
payments to hospitals have been adjusted based on measures of the quality of
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care and patient experience initially, with cost measures entering in 2014 (Rau
2012). The Medicare program will phase in physician pay for performance—
specifically targeting both cost and quality of care—with payment modifiers
for physicians in groups of 100 or more beginning in 2015 (Federal Register
2012). Over the past decade, state Medicaid programs started to use PAP pro-
grams and related efforts to improve care delivery, especially in primary care
(Kuhmerker 2007).

Despite the enthusiasm of policy makers, a number of literature reviews
have underscored the lack of empirical support for pay for performance (Dud-
ley et al. 2004; Petersen et al. 2006; Rosenthal and Frank 2006; Scott et al.
2011). P4P initiatives can have diverse program designs, which could lead to
heterogeneous effects. Even with the proliferation of P4P programs among
private and public payers, there have been few comparisons of different pro-
gram schemes.

Some of the earliest published evaluations of pay for performance in
health care were experiments conducted in Medicaid managed care. Two
early, randomized studies by Hillman et al. (1998, 1999) examined the use of
performance feedback and financial bonuses on the quality of preventive care
in a Medicaid health maintenance organization (HMO). Neither initiative
resulted in quality improvement despite substantial bonus potential (10-20
percent of capitation).

Several more recent studies have also examined the implementation of
pay for performance in Medicaid managed care. In California, each of the
seven Medicaid-focused health plans participating in the Local Initiative
Rewarding Results Collaborative developed their own unique incentive pro-
grams that varied on many key dimensions, including the mix of provider and
member incentives and the performance requirement necessary for receiving
payments (Felt-Lisk and Smieliauskas 2006). Improvements on well-baby visit
HEDIS scores ranged from 4 percent to 35 percent, and improvements on
well-adolescent care HEDIS measures ranged from 8 percent to 12 percent
(Highsmith and Rothstein 2006). However, within LIRR plans, the plans with
the greatest adolescent well-care visits improvement did not implement any
incentives until after the end of the program, suggesting that financial incen-
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tives may not have been responsible for the changes. Similar incentive pro-
grams were introduced by Hudson Health Plan, a Medicaid-focused plan in
New York State. Studies looking at the impact of Hudson Health Plan’s incen-
tives for timely childhood immunization and evidence-based diabetes process
and outcome measures found only modest improvements in care despite
extensive outreach and quality improvement support for participating prac-
tices (Chien, Li, and Rosenthal 2010). Notably, all of the published evidence
on pay for performance in Medicaid comes from the managed care setting
and does not involve direct payments by state agencies to providers.

Expanding the evidence on pay for performance in Medicaid is impor-
tant for at least three reasons. First, the Medicaid context is different from
commercial insurance and Medicare in important ways, including the nature
of patient clinical and social needs, churning of insurance coverage, and access
issues that arise from low payment levels (Kaiser Commission on Medicaid
and the Uninsured 2013). Medicaid covers some of the poorest individuals
and families in the nation, and Medicaid patients have significantly worse
health status than the privately insured. In addition, there is a significant
amount of turnover in insurance coverage, with 20-40 percent of Medicaid
recipients failing to reenroll every year (Merrill and Rosenbach 2006). Due to
low payment rates, about 20 percent of physicians do not accept new Medi-
caid patients (Borck, Cheh, and Lucy 2011). Among physicians who have at
least one Medicaid patient, about 60 percent derive less than 20 percent of
their practice revenue from Medicaid patients. These unique aspects of Medi-
caid may make P4P less effective. For example, if Medicaid patients only make
up a small fraction of physicians’ panels, Medicaid P4P programs may provide
only weak incentives. Or if enrollees are enrolled in Medicaid for only a few
months, physicians may be unable to reap any benefits from changing their
practice styles.

Second, with many states in the midst of a broad expansion of Medicaid
eligibility, improving the delivery and controlling the cost of care to the Medi-
caid population is more than ever a critical national priority. Third, with the
proliferation of different PAP designs, it is important to distinguish between
effective and ineffective designs, which can provide lessons for the future
design of state initiatives.

In this study, we empirically examine the impact of prototypical P4P
programs initiated by Medicaid agencies in three states: Pennsylvania, Min-
nesota, and Alabama. The three programs are among the pioneers in imple-
mentation of pay for performance in Medicaid, having initiated distinctive
programs that rely on a diverse array of performance measures, incentive
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designs, and payment amounts. The programs were leading contemporane-
ous examples of Medicaid P4P programs that directed financial incentives to
physicians, as opposed to hospitals or managed care organizations. Two of the
programs focus on individual physician incentives, with the third focusing on
physician group incentives. The performance measures used across the states
include structural measures related to being a medical home, quality of care,
and utilization. As these and other Medicaid agencies adopt or update P4P
programs, analysis of the impact of these early experiences can yield evidence
about the effectiveness of alternative approaches.

DESCRIPTION OF INTERVENTIONS AND COMPARISON
SITES

The three interventions profiled here were selected for study for two principal
reasons. First, these study sites all have several years of experience with provi-
der (as opposed to health plan) P4P programs. Second, the three programs
have a similar focus on physicians but offer very distinct models of incentives:
one is a “medical home” structural incentive and shared savings model (Ala-
bama), the second rewards intermediate health outcomes in two different ways
for fee-for-service and managed care (Minnesota), and the third rewards col-
laboration with disease management and management of chronically ill
patients based on process measures of quality (Pennsylvania). We should note
that states in which we identified P4P programs to study also had initiatives for
other providers such as hospitals and managed care plans, but we chose to
focus on physician incentives.

We evaluate each of the three efforts using a difference-in-difference
approach that compares changes in outcomes in intervention sites to those
experienced in selected control states. Because each state has a degree of lati-
tude to design its Medicaid program, there is heterogeneity in terms of pay-
ment system, eligibility, spending per enrollee, and program benefits. Due to
this heterogeneity, we compare each intervention state to a matched compar-
ison state selected to be as similar as possible to the intervention state. We
selected comparison patients from similar Medicaid populations in states
where pay for performance had not yet been introduced (this eliminated about
half of all states from being selected as a comparison group). In selecting com-
parison states, we required an exact match by type of program; comparison
states needed to have a sizeable population of enrollees in the same type of
funding arrangement as the “intervention” state (fee-for-service, primary care
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case management [PCCM], managed care), comparable use of disease man-
agement, and the absence of another major Medicaid program (including, but
not limited to pay for performance) that would affect the outcomes of interest.
To the extent possible, we also looked for comparability in terms of geogra-
phy, population demographics and physician supply.

Pennsylvania and Florida

The Pennsylvania Office of Medical Assistance Programs (OMAP) purchases
services through contracts with managed care organizations, an enhanced
PCCM vendor and under a traditional, fee-for-service system for nearly
1.8 million Pennsylvania residents. The PCCM program, Access-Plus, serves
280,000 members, 32,000 of whom have chronic diseases covered by the ven-
dor’s disease management program. In Pennsylvania, managed care is manda-
tory in urban counties where HMOs serving Medicaid are relatively plentiful
and voluntary where there are few HMOs; Access-Plus is the only option for
Medicaid members in some rural counties with no managed care plans.

Office of Medical Assistance Programs has been actively engaged in
value-based purchasing approaches for a number of years. Since 2000,
OMAP has published a report card that compares Medicaid HealthChoices
managed care plans on HEDIS and CAHPS results. More recently, OMAP
has been developing pay-for-performance programs for managed care plans,
hospitals, and physicians. Pay for performance was introduced in Access-Plus
through OMAP’s disease management vendor in 2006. The vendor has
developed a program to reward providers for active participation in five dis-
ease management programs (coronary artery disease [CAD], congestive
heart failure [CHF], asthma, chronic obstructive pulmonary disease [COPD],
and diabetes).

Payment incentives in Pennsylvania are at the physician level and focus
on two separate goals—support of chronic disease management and optimal
chronic care (see Table 1). Providers have a variety of incentives to enroll
patients in disease management. There are also incentives for delivering
optimal treatment, measured by HEDIS “process of care” measures: beta
blockers for patients with CHF, aspirin for patients with diabetes and CAD,
a controller medication for patients with asthma, and LDL for patients with
diabetes.

The initial implementation of the program began in September 2005,
with 337 participating providers and 10,222 patients. By August 1, 2008, there
were over 1,450 participating providers, caring for more than 15,000 chroni-
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cally ill patients, with over $3.2 million in incentives paid to enrolled provi-
ders over and above standard fees.

We selected Florida as a comparison state because of Florida’s large
Medicaid PCCM population from which a matched comparison group could
be identified. States that were demographically and geographically closer to
Pennsylvania either did not have PCCM programs, had contemporaneous
quality improvement efforts in the state Medicaid program, or in one case,
were missing physician identifiers that were unique over time.

Minnesota and Wisconsin

During the study period, the Minnesota Department of Human Services
(DHS) served over 750,000 Medicaid enrollees. Approximately half of all
MHCEP enrollees were covered by a Medicaid HMO program. These HMO
enrollees are the focus of the intervention and our study.

Previous cost containment and quality improvement programs in Min-
nesota have taken place in the commercial insurance environment. In 1988,
the Buyers Health Care Action Group was formed by a coalition of large pri-
vate Minnesota employers and initially contracted with health plans with a
focus on quality improvement. Later, the Buyers Health Care Action Group
contracted directly with groups of providers focused around primary care
physicians and hospitals (“care systems”). In 1993, the Institute for Clinical
Systems Improvement was established, which focused on developing and
publishing best practice health care guidelines for Minnesota physicians. In
2002, the Minnesota Community Measurement group formed to gather data
about health plan performance and cost. Every year Minnesota Community
Measurement releases a health care quality report measuring the performance
of medical groups on performance measures. Finally, in 2004 a “Smart Buy
Alliance” was formed by both private and public health care purchasers in
Minnesota to purchase health care with a focus on quality.

Beginning in July of 2006, the DHS joined private employers through
the Smart Buy Alliance as a participant in the Bridges to Excellence (BTE)
Diabetes Care link for the managed care population, with payments to provi-
ders beginning in 2007. BTE is a national, employer-led P4P program that pro-
vides a model and infrastructure for health plans, employers, and other payers
to reward doctors for optimal care of diseases such as diabetes and heart dis-
ease. BTE in Minnesota, however, is a customized program that utilizes exist-
ing Minnesota-based infrastructure and the optimal diabetes care (ODC)
measure. The most important difference between the Minnesota BTE pro-
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gram and other BTE initiatives is that it rewards providers based on an “all-or-
none” measure (the ODC); thus, if the practice does not achieve all five com-
ponents in the measure, they don’t qualify for P4P. For enrollees in managed
care programs, DHS is participating in BTE under the same model as private
employers.

The main performance measure of BTE in Minnesota is a measure of
ODC, described in detail in Table 1. Unlike many other P4P programs that
pay for process of care (such as the percentage of individuals receiving HbAlc
tests), BTE also pays for outcomes—it is not enough that patients get regular
blood tests; they must have blood sugar and lipid levels controlled. The per-
formance incentives paid by BTE are at the practice level. Medical groups
receive $100 per diabetic Medicaid enrollee served by those medical groups
or clinics that meet a predetermined threshold of performance.

We selected the Wisconsin Medicaid program as the comparison state
for Minnesota. Wisconsin has a substantial Medicaid managed care popula-
tion, and it is demographically and geographically similar to Minnesota.

Alabama and Georgia

Alabama Medicaid covers health care services for over 900,000 individuals,
about 400,000 of whom are in its PCCM program, Patient 1st. The agency
received federal approval in October 2004 for two significant changes to
Patient 1st (see Table 1). The first change, implemented in January 2005, was
the introduction of a tiered case management fee. The tiered case manage-
ment fee pays providers for specific items related to providing a medical
home.

The second significant change in Alabama was the institution of a shared
savings program, which shares 50 percent of any documented savings with
primary care physicians in the PCCM program, Patient 1st. The State pro-
vides primary care physicians with quarterly reports that show them how they
compare to other physicians on three risk-adjusted measures of performance:
generic medication use, emergency department utilization, and number of
office visits. In addition, the physicians are profiled on their actual versus
expected total allowed charges (referred to as “efficiency” in this context).
These performance measures are calculated using Medicaid claims data.
Shared savings are allocated based on how physicians score on the perfor-
mance and efficiency metrics relative to their peers. Physicians ranking in the
lowest quartile overall are ineligible for shared savings payments. The first
shared savings payments totaling $5.76 million were distributed in April 2007
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for performance April 1, 2005 through March 31, 2006. Additional payments
of $4.7 million were distributed in 20009.

We selected Georgia as a comparison state for reasons of geographic
similarity, demographics, and the existence of a large PCCM Medicaid popu-
lation. In our analyses, we only use patients enrolled in the PCCM program in
Georgia to form a comparison group.

DATA AND EMPIRICAL STRATEGY
Data Sources

The principal data sources for the three intervention sites are the billing sys-
tems from the respective Medicaid agencies. For the three comparison states,
claims data are taken from CMS’s Medicaid Analytic Extracts. The adminis-
trative data for each site include Medicaid enrollment data and membership
information, which contains demographic variables for enrollees, and inpa-
tient, outpatient, emergency department, and drug claims (fee-for-service and
PCCM,) or encounter data (managed care).

Study Cohorts

Table 2 describes the panel characteristics of the study cohorts for each of the
three state pairs. Because we hypothesized that the greatest impact of the pro-
grams would be on adults, we excluded enrollees under the age of 18 or older
than 64, although some states extended their efforts to children. We also
excluded individuals with less than 6 months of Medicaid eligibility in a given
year, enrollees who are eligible for Medicare, and pregnant women. In Penn-
sylvania and Florida, only individuals diagnosed with any of five chronic con-
ditions were included. In Minnesota and Wisconsin, only diabetics were
included.

Study Outcomes

We evaluate the effectiveness of the three programs based on claims-based
measures of quality and utilization available in both intervention and compar-
ison cohorts. The key utilization variables we examine for all three programs
are the number of ambulatory visits, the number of emergency department
visits, and the number of hospital admissions. In addition, we examine hospi-
tal and emergency room use for ambulatory care sensitive (ACS) conditions.
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ACS conditions are a set of medical conditions (such as diabetes and asthma)
in which appropriate primary care can reduce the likelihood of preventable
hospitalizations or emergency room visits (Falik et al. 2001). Our ACS ED
measure was developed by NYU’s Center for Health and Public Service
Research (Billings 2002), and our measure of ACS hospitalizations is preven-
tion quality indicators (PQIs) (Quality 2012).

We use HEDIS specifications to define claims-based quality measures
that vary across the intervention. We measure the impact of the Pennsylvania
P4P program on the quality of care by examining three process of care mea-
sures that are incentivized through the program: beta blockers for CHF, a con-
troller medication for asthma, and LDL screenings for diabetes. We also
examine a fourth related measure, HbA ¢ tests for diabetics.

Under BTE, Minnesota practices are incentivized to control patients’
blood sugar and cholesterol, and therefore to closely monitor these levels by
performing routine tests and screenings. The key quality measures we use to
assess the effect of BTE is the percentage of diabetics who receive HbAlc
blood tests and LDL screenings in a given year.

In Alabama, we examine the following process measures of quality that
we expect will be influenced by the adoption of “medical home” features:
chlamydia screening, cervical screening, appropriate asthma medication,
HbAlc testing for diabetes, beta blockers for CHF, and LDL screening for
people with diabetes.

Analytic Approach

Our primary analytic approach is to examine dependent variables before and
after the intervention alongside a contemporaneous comparison group (a “dif-
ference-in-difference” approach). To ensure a valid comparison, we further
refine our cohorts so that the intervention and comparison groups are similar
along important dimensions using a propensity score approach (Rosenbaum
and Rubin 1984; D’Agostino 1998; Rubin 1998). While our analysis is con-
ducted at the patient-level, the intervention targets physician behavior so we
undertake propensity score matching of physicians and include characteristics
of their patients in the model. We begin by creating datasets for each natural
experiment which include the broader groups of patients targeted by the inter-
vention and comparison enrollees and their claims and eligibility data for the
first year of analysis. We then aggregate these data to the physician level, creat-
ing variables that summarize the characteristics of each physician’s panel. We
also calculate average utilization at baseline.
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We estimate a logistic regression model linking the probability of being
in the experimental group with average patient characteristics (age, gender,
race, disability status, chronic conditions including AMI, diabetes, asthma,
CHF, COPD, and CAD), physician panel characteristics (number of Medi-
caid patients in panel at baseline), and baseline utilization measures (inpatient,
ambulatory visits, ER visits, ACS ER visits, and ACS hospitalizations), and
compute the predicted probability of being exposed to pay for performance
based on physician panel and average patient characteristics from this model.
For each physician that is exposed to pay for performance, we find the physi-
cian from the no P4P group that has the closest probability of having been
exposed, that is, propensity score matching. The final cohort consists of
patients of the treated and matched physicians, followed throughout the pre-
and postintervention period. However, we do not restrict our sample to those
continuously enrolled and thus some enrollees only contribute to either the
pre- or postintervention measurement period.

Because we match physicians according to aggregate patient characteris-
tics and cannot find perfect matches, we expect small residual differences in
observed patient and physician panel characteristics to remain in the matched
samples. We fit regression models to control for these residual observed differ-
ences.

While physicians are the focus in each of these interventions, the rele-
vant outcomes are measured at the patient level. We thus fit models at the
patient (or patient-month) level and use a generalized estimating equations
approach that takes account of the clustering of patients by physician and the
repeated observations at both the patient and provider level, while allowing us
to incorporate patient-level covariates as risk adjustors.

Let i index physician; j index the Medicaid enrollee; and p denote the
measurement period and y,, represent a patient-level outcome measure. For
example, y;,; may be total Medicaid hospital admissions in month p for patient j
treated by physician i. We estimate models with the following general structure:

h(e(yij)) = o+ Py Treated + Py post + f3 Treated * post + Pyxipj + P52

where /() is a link function, x,; a set of (centered) patient characteristics (age,
gender, race, dummies for five chronic conditions [diabetes, asthma, CHF,
COPD, CAD], Medicaid basis of eligibility, Medicaid maintenance assistance
status), and z; is a set of physician panel characteristics (number of Medicaid
patients, average age of Medicaid panel, average sex of Medicaid panel, aver-
age race of Medicaid panel). The primary estimate of interest is the coefficient
Ps, the difference-in-difference estimator. In the case of binary patient mea-
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sures such as whether or not the patient received HbA Ic testing, 4() is a logit
link and we assume y follows a binomial distribution. For utilization measures,
we use a linear model with physician fixed effects to remove the influence of
unobservable but time-invariant physician characteristics that may bias our
estimates. In nonlinear models, we calculate the difference-in-difference esti-
mate on the original scale, setting all covariate values at their mean (Karaca-
Mandic, Norton and Dowd 2012).

Sensitivity Analyses

We perform a number of sensitivity and robustness checks to our results to
ensure that our results are robust to different estimation and matching specifi-
cation. We fit ordinary least squares (OLS) models without physician fixed
effects because of concern about statistical power and the validity of the impli-
cit assumption that only within-physician variation is relevant to causal infer-
ence. For utilization variables that are count variables, we estimate negative
binomial regressions as an alternative to the OLS models. Because the events
modeled in the negative binomial regressions are relatively rare, we were
unable to include physician fixed effects in these models. For the HEDIS qual-
ity regressions, we run linear probability models with and without physician
fixed effects as alternative specifications. Finally, we experiment with two
alternative versions of matching: (1) matching on preintervention trends
(rather than levels) in quality and utilization and (2) coarsened exact matching
(Iacus, King, and Porro 2009).

All results from these alternative specifications are presented in
Appendix SA2-SA7.

RESULTS
Matching

Prior to matching, physicians in Florida care for larger numbers of Medicaid
patients who are older and more likely to be racial or ethnic minorities than
those in Pennsylvania. Baseline utilization rates are also higher in Florida rela-
tive to Pennsylvania, and Florida physicians care for more Medicaid patients
(Table 2). Medicaid patients with diabetes were also slightly older, and base-
line utilization rates were higher in Minnesota relative to Wisconsin. Physi-
cians in Alabama cared for substantially larger numbers of Medicaid patients
relative to those in Georgia. All of these differences are substantially dimin-



1458 HSR: Health Services Research 51:4 (August 2076)

Figure 1: Comparison of HEDIS Quality Measures. (A) Pennsylvania and
Florida. (B) Minnesota and Wisconsin. (C) Alabama and Georgia
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ished in the matched samples. However, even after matching, Minnesota’s
diabetic Medicaid population is slightly younger at baseline and has more
emergency visits and PQI hospital admissions compared to Wisconsin.

Figures 1 and 2 display trends in quality and utilization in the matched
samples. Preintervention trends were similar in intervention and control states
for most of the outcomes.

Pennsylvania and Florida

Table 3A displays the difference-in-difference regression results of the
effect of P4P on adherence to HEDIS process of care measures. Com-
pared with Florida, Pennsylvania’s P4P program is not associated with a
larger increase in adherence in the HBA1C, LDL, or beta blocker mea-
sure. For the asthma measure, Pennsylvania shows a statistically significant
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Figure 2: Comparison of Utilization Measures. (A) Pennsylvania and
Florida. (B) Minnesota and Wisconsin. (C) Alabama and Georgia
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decrease in adherence of 6 percentage points compared with Florida. This
is a surprising result, considering the main focus of Pennsylvania’s P4P
program was management of chronic diseases. However, as Figure 1B
shows, Pennsylvania’s asthma adherence was already at a very high level
before the P4P program (85 percent adherence) and remained roughly flat
over the time period, while Florida’s adherence was at a slightly lower
level and increased during the time period.

Table 3B shows results from the difference-in-difference utilization
regressions. Pennsylvania experienced a statistically significant decrease of 88
ambulatory visits per 1,000 enrollee months compared with Florida, a roughly
15 percent decrease. Once again this seems to be driven by physicians in Flor-
ida. Figure 1B shows that Pennsylvania’s ambulatory visits are roughly flat
over the period, while Florida’s are increasing. No other utilization measures
are statistically significant.
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Table 3: Results from HEDIS Quality and Utilization Regressions

Pennsylvania & Florida Minnesota & Wisconsin  Alabama & Georgia

(A) HEDIS quality
HBAIC for diabetes 0.194 (0.112) 0.0575(0.144)  —0.232 (0.141)
Marginal effect 3.45 0.69 —4.91
LDL for diabetes —0.0981 (0.114) —0.00205 (0.0971)  0.0187 (0.156)
Marginal effect —2.01 —0.0004 0.39
Beta blockers for CHF —0.0628 (0.160) —0.0175 (0.110)
Marginal effect —0.65 —0.18
Preferred asthma treatment ~ —0.455* (0.181) —0.143 (0.132)
Marginal effect —6.11 —2.12
Cervical cancer screening —0.0832 (0.0728)
Marginal effect —1.73
Chlamydia screening —0.0818 (0.177)
Marginal effect -1.76

(B) Utilization
Inpatient admissions —6.77 (8.09) —7.24* (3.51) —1.61* (0.651)
Ambulatory visits —88.0**(25.7) —32.8(26.1) 59.1%* (6.27)
Emergency visits —6.18(9.13) —9.45 (8.34) —3.74(2.35)
ACS ER visits 4.77 (3.63) ~5.24(3.29) 8.17¢-02 (0.409)
PQI admissions 1.19 (2.22) —2.34 (1.58) —0.224(0.299)
PQI diabetes visits —1.58(1.12)

Note.**p < .01, *p < .05.

All quality results are derived from logistic regressions at the enrollee year level, restricted to indi-
viduals with propensity score-matched physicians. Log odds, standard errors, and marginal effects
are reported. Standard errors are clustered at the physician level. The “Marginal Treatment Effect”
represents the estimated effect of the intervention on the dependent variable, calculated at the
means of the covariates; the units are percentage points. Covariates include patient and physician
characteristics and linear time trends. Dependent variables are quality measures based on HEDIS
specifications with adaptations as described in the text. “HBA1C” denotes whether an individual
identified as having diabetes received an HbAlc test during the measurement year; “LDL” marks
whether an individual identified as having diabetes received an LDL test during the measurement
year; “Beta CHF” identifies whether an individual diagnosed with congestive heart failure has
taken beta blockers during the measurement year; “Asthma” denotes whether individuals diag-
nosed with asthma are taking a “preferred” asthma medication during the measurement year;
“Cervical” denotes whether women 21-64 have been screened for cervical cancer in the measure-
ment year; “Chlamydia” indicates whether women ages 15-25 have been screened for chlamydia
in the measurement year.

All utilization results are OLS with physician fixed effect regressions at the enrollee month level,
restricted to individuals with propensity score-matched physicians. Standard errors are clustered
at the physician level. The units are “visits” per member month. Covariates include patient and
physician characteristics and a linear time trend. Hospital visits, ambulatory visits, and emergency
room visits are measured using HEDIS specifications (NCQA 2012). Hospital admissions do not
include mental health or pregnancy related diagnoses. Ambulatory visits include office and home
visits by a doctor or nurse. Emergency ACS (or “Ambulatory Care Sensitive”) visits are a quality
measure developed by NYU’s Center for Health and Public Service Research (Billing 2002) and
identify emergency room visits that are potentially preventable through better primary care man-
agement. “PQI Total” are hospitalizations that are identified as preventable through better primary
care management (AHRQ 2012). “PQI Diabetes” are hospitalizations with diabetes diagnoses that
are identified as preventable through better primary care management (AHRQ 2012).
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Minnesota and Wisconsin

We observe no significant differences in trends in quality between intervention
and control sites (Table 3A).

Table 3B displays utilization results from the physician fixed effect regres-
sions, our preferred specification. The intervention is associated with a statistically
significant decrease in hospital utilization, with Minnesota showing a pre-post
decrease of 7.2 visits per thousand enrollee months compared to Wisconsin (a 15
percent decrease over baseline). No other coefficients are statistically significant.

Alabama and Georgia

Table 3A shows results from the difference-in-difference regressions on the
quality of care. For all six quality measures, the intervention shows no statisti-
cally significant effect. Table 3B shows results from the utilization regressions.
Alabama had an increase in ambulatory visits of 59 per thousand enrollee
months, a 13 percent increase, and a decrease in inpatient utilization of 1.6 vis-
its per thousand member months, a decline of 4.6 percent, relative to Georgia.

Sensitivity Analyses

Detailed results from all but our main specification are included in the
Appendix SA2-SA7. In summary, we find that when matching on trend as
opposed to the levels of our covariates, we do not find a decrease in inpatient
admission in Minnesota; other conclusions remain, while coarsened exact
matching decreases power and thus significance due to the reduced number of
eligible matches. Removal of fixed effects (using our preferred matching
approach) has some impact on the detailed findings for utilization measures. In
the utilization models without fixed effects, the decrease in inpatient utilization
in Minnesota is not significant, but we do find a significant decrease in PQI
admissions (in a negative binomial model). In Alabama, the increase in inpa-
tient admissions is insignificant in the model without fixed effects. There are no
significant improvements in the quality measures in any of the alternate models.

DISCUSSION

Medicaid is arguably the most important health care payer in the United
States, covering more people than any other program and insuring some
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of our most vulnerable citizens. Historically, Medicaid agencies have
responded to budgetary pressures by keeping fees low or carving out
contracts to managed care organizations. Over the last decade, however,
a number of states have begun to move toward more active value-based
purchasing in their provider relationships. Our analysis paints a some-
what mixed picture of the impact of these nascent programs on related
utilization measures, with little measurable gain in process measures of
quality but modest and potentially important reductions in inpatient use
in Minnesota and Alabama, where chronic disease management were
important targets of the incentive program.

Pay for performance on the whole has posed significant implementa-
tion challenges and, perhaps as a result, many impact evaluations have
yielded negative findings. With regard to the process measures of quality,
our findings are consistent with previous studies of pay for performance
across a wide variety of payers and delivery system contexts. However, both
Minnesota and Alabama rewarded a broad set of performance measures
including intermediate health outcomes and for those states the reduction in
hospital use may be an important signal that these efforts are paying off in
fewer preventable exacerbations of chronic illness. Our data are too limited
to examine the cost-effectiveness of these efforts, but this is an important
topic for future research.

Medicaid may be particularly challenged to make effective use of pay-
ment incentives due to the low baseline payment rates and the likelihood that
safety net providers have less capacity to put in place performance improve-
ment initiatives. Moreover, many state Medicaid agencies are themselves
underresourced and face regulatory hurdles. Designing effective programs,
educating providers about their goals and requirements, and distributing
bonus payments in a timely manner may be challenging. In Alabama, for
example, the state could not make bonus payments until the end of each 2-
year waiver period, which almost surely dampened the potential impact.
Given these constraints, increased technical and financial assistance from the
Federal government through the Centers for Medicare and Medicaid Innova-
tion and other mechanisms should be directed at the states during this critical
era of Medicaid expansion.

The introduction of pay for performance is associated with a decrease in
inpatient utilization in both Minnesota, whose program mainly targeted
chronic illness management, and Alabama, which targeted broader measures
of cost and utilization. This is suggestive evidence that both quality and cost
incentive measures can be effective. It is interesting that we did not find P4P
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programs led to higher quality of care, even with significant incentives in Min-
nesota and Pennsylvania. One possibility is due to the difficulty of measuring
the quality of care in claims data, which is imperfectly captured by our HEDIS
variables. Our results are robust to different regression specifications as well
as matching techniques.

Our study has a number of important limitations. First and foremost,
we examine natural experiments using a quasi-experimental approach that
is subject to bias if our comparison groups are not well matched. For some
measures and state pairs, the graphical presentation of trends (see Figures 1
and 2) suggests that the assumption the states were on the same trend before
the intervention may not be correct. In some cases changes in comparison
states drove the effects in ways that seem less likely to be a function of the
success or failure of pay for performance. Each state health care market and
Medicaid program differs in many important ways and while we selected
the states that we considered to be the best possible match, we acknowledge
that differences between intervention and control states remain. In addition,
there are many sources of potentially confounding policy and market
changes that could have occurred contemporaneously with the P4P pro-
grams in our three states, and we cannot be sure such changes are not influ-
encing our results. We know, for example, that at the same time the
physician P4P was implemented, Pennsylvania allowed hospitals to compete
for grants for quality improvement. It is possible that these quality improve-
ments spilled over to our results, in which case we have identified the com-
bined effect of both programs. In Minnesota, many private employers also
participated in the BTE program. If there are spillovers in physician practice
styles between patients, then the results show the combined effect of Medi-
caid and commercial P4P incentives.

Second, we have only claims data to assess impact. Both Pennsylva-
nia and Minnesota relied on clinical data for some aspects of their incen-
tive program, but we are unable to examine changes in clinical measures
(e.g., blood pressure control) because we do not have access to these data
for either the states that implemented pay for performance or the compar-
ison states. Claims data are, however, a very reliable source of information
about utilization and we are able to examine reliably whether the efforts to
improve quality in those states had a measurable impact on acute care uti-
lization. In Minnesota and Wisconsin, we rely on encounter rather than
claims data, and these may cause underestimation of utilization and pro-
cess measures of quality because encounter data are not relied upon for
payment.
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A third limitation to our analysis is the well-known churning of Medi-
caid eligibility. Because we have a fragmented picture of patient care as
patients enter and exit the program, our results may poorly capture both qual-
ity and cost consequences of improved performance.

Finally, no sample of P4P programs in Medicaid can be fully generaliz-
able to all other states given the many dimensions on which Medicaid and the
health care system vary. Nonetheless, this group of states and programs offers
diversity by region, Medicaid program (PCCM vs. managed care), and pay-
ment model. Many of these characteristics overlap with other state Medicaid
programs. For example, of the 25 state Medicaid programs with physician
incentives in 2006, 20 of them used HEDIS-like measures. Five states incor-
porated measures of efficiency, while there were also a number of states that
gave incentives for disease management and using electronic records (Kuh-
merker 2007).

Now more than ever, Medicaid programs need to find ways to obtain
the greatest value for increasingly constrained resources and increased
demand. Lessons learned from state efforts to improve quality through pay for
performance will provide a valuable foundation for current and future initia-
tives that now typically involve more holistic payment reform along with new
models of care delivery in the form of medical homes and Accountable Care
Organizations. The challenges associated with successful implementation of
these reform efforts are greater than the relatively narrow P4P programs we
studied and likely to exceed the capacity of both the state agencies and provi-
ders involved. For this reason and the fact that it has more of its own resources
at stake in the expansion population, the Federal government should increase
technical and financial assistance to states through the Centers for Medicare
and Medicaid Innovation and other mechanisms.
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